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Introduction
Diel vertical migration of zooplankton is the daily cycle of movement towards and away
from the surface of a lake that results from the need to avoid predation and forage for food. The
process of diel vertical migration is one of the main forces creating the spatial and temporal
structure of aquatic food webs, often acting as the biological pump that moves carbon around an
aquatic environment (Brierley 2014). In Daphnia, a genus of crustacean zooplankton, this
behavior is triggered in response to both light intensity and chemical signaling by predators. As a
result, diel vertical migration changes in intensity in response to fish populations and conditions
in the lake that affect light penetration. Until this point, predicting a vertical distribution of
Daphnia within a given lake has been difficult given the cumbersome nature and unintuitive
results of the mathematics involved. Fortunately, with today’s computing power, reasonable
estimates as to how Daphnia are vertically distributed within a given lake can be calculated
based on conditions monitored by wildlife agencies for existing purposes such as fisheries
management. We have developed a package for the programming language R that can generate
an estimated vertical distribution of Daphnia pulex in a lake based on known temperature
gradients, light level and penetration, food availability, and predator abundance. This knowledge
can be useful for predicting the vertical position of Daphnia populations in a lake of interest for
management purposes but also for making predictions about how Daphnia populations will
respond to changing environments with conditions that do not yet exist but likely will in the
future.

An Overview of Lake Environments
Part of the reason that Daphnia engage in diel vertical migration is because the conditions
in which aquatic animals live changes with depth in a lake. Conditions in the water column, a
hypothetical vertical slice in the lake extending from the lakebed to the surface, gradually change
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in a number of aspects with depth. Two aspects that change as a result of the physical properties
of the water are light and temperature.
Light levels in a lake typically decrease in a uniform manner as depth increases. Three
basic aspects control the rate at which light decreases with depth: molecular interactions of light
with water molecules, concentrations of dissolved substances that interact with light, and the
amount and nature of particles suspended in the water (Wetzel 2001). Suspended particles in the
water (i.e., inorganic particles, algae cells, and dead organic matter) prevent light from
penetrating deeper into the water. Therefore, the rate at which light is extinguished is dependent
on the concentration of suspended materials in the water. Regardless of the rate, the decrease in
light availability with an increase in depth often follows an exponential relationship. This is due
to the fact that the water and suspended particles always remove a consistent percentage of light.
To measure and compare the rate of light removal in lakes, the light extinction coefficient, often
abbreviated with the letter k, was developed. The light extinction coefficient is equal to the linear
slope of the natural log of the percentage of surface light available as a function of depth. The
more negative the light extinction coefficient, the less light is available at greater depths. Light
extinction coefficients can change with depth if the properties of a lake change, but for simplicity
this diel vertical migration model assumes a uniform light extinction coefficient throughout the
depths in a lake of interest. Light is important to Daphnia indirectly because the algae cells that
Daphnia feed on (such as phytoplankton) require light for photosynthesis. In addition, the fish
that eat Daphnia are sight-based predators that need light to locate prey. This latter fact will
become important when we model the visual foraging behavior of fish to calculate the predation
risk for Daphnia in a given segment of depth.
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Temperature is also an aspect of lakes that changes along the water column, although the
manner of how the temperature changes is seasonally dependent. During the summer in deep
lakes, the water column can be divided into sections based on temperature. Warmer water is less
dense than cooler water, and therefore remains near the surface unless forced by wind and
mixing to deeper depths. This warm region near the surface is known as the epilimnion. The
region of cooler water in the deeper depths is the hypolimnion. In between these two regions is
the metalimnion, which contains a point known as the thermocline where there is a sharp decline
in the temperature. Come autumn, the surface temperature of the water begins to decrease as the
air temperature decreases, minimizing the difference in densities between water in the
hypolimnion and epilimnion. This makes the lake particularly susceptible to mixing if wind
continues to act upon the surface. This mixing means that there is little difference in temperature
based on depth until winter when mixing stops as ice blocks wind action at the surface. The
winter causes water in the epilimnion to cool while the hypolimnion stays slightly warmer.
Specifically, the hypolimnion stays the temperature at which water is most dense, approximately
4 °C. Little circulation
occurs under the ice, so
the situation persists
until the ice melts in
spring and wind can
once again cause
mixing of the entire
water column. This
Figure 1 – Dimictic lake cycle and temperature structure. Adapted from
Williams et al. (2014) in Encyclopædia Britannica.

spring mixing will
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continue until the lake stratifies once again as the surface water warms during late spring and
summer. This annual cycle is called a dimictic mixing pattern. Variations of this pattern exist
such as polymictic, monomictic, and amictic patterns which mix many times, once, or never
during a year respectively. As temperature has a strong effect on the metabolic rate of Daphnia,
the needs of the Daphnia are going to change with the seasons and the thermal stratification of
the lake. Thus, our model requires input about the current temperature profile for the lake of
interest in order for the migration behavior of Daphnia to be predicted.
Daphnia behavior is dependent not only on the physical characteristics of a lake, but the
biological characteristics as well, namely the distribution of food. Daphnia feed on
phytoplankton, which have their own optimal conditions concerning light that determine the
position at which they remain suspended in the water column. The depth where phytoplankton
are found most commonly is known to be that where between 0.3% and 3.5% of
photosynthetically available surface light penetrates (Fee 1976). However, the light requirements
of phytoplankton change between taxonomic groups of phytoplankton (Schwaderer et al. 2011),
meaning multiple peaks can occur in distributions of all phytoplankton. This means that the
vertical distribution of phytoplankton is going to be determined by the same factors that
determine light penetration, namely the quantity of suspended particles and the interaction of
water and light. Phytoplankton populations are generally quantified by scientists and managers in
terms of chlorophyll concentration. Chlorophyll a specifically is a green pigment found in the
chloroplasts of phytoplankton that enables photosynthesis. Samples are taken from various
depths of a lake and chlorophyll concentrations are found using spectrophotometry, which
measures the amount of green pigment in a sample (Holm-Hansen and Riemann 1978). These
chlorophyll concentrations are directly correlated with the amount of food available for Daphnia
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at each segment of depth, which in turn is directly related to the fitness of a Daphnia at each
depth.

Existing Research in Daphnia Vertical Migration Behavior
Diel vertical migration can be thought of as a form of patch selection where the risk and
rewards shift in a predictable way throughout a day. As night falls, predation risk from visual
predators in the epilimnion decreases as a result of decreasing light levels. These changes lead to
a shift in expected behavior of Daphnia as the reward derived from the epilimnion’s food
resources outweighs the predation risks. As diel vertical migration is a behavior that comes from
constant adjustments to changing environmental conditions, it would stand to reason that longerterm changes to the lake environment would change the intensity of diel vertical migration as
well. These longer-term factors may include changes in predator type and abundance,
temperature structure, light extinction, and food abundance. Light extinction and temperature
have already been covered in the overview of lake environments, so we will focus on the effects
of predators and food in this section.
Predators are responsible for Daphnia evolving vertical migration behaviors initially, and
thus predator types and abundance can have large impacts on the intensity of migration behavior.
Daphnia are known to change their migration behavior in response to kairomones, chemical
signals from potential predators that indicate the presence or absence of that predator type.
Kairomones from fish have been shown to modify the development of Daphnia, causing predator
avoidance behaviors such as vertical migration to develop (Von Elert and Loose 1996) in
addition to physiological changes such as increased body and clutch size (Reede 1995, Tollrian
1995). Daphnia are able to judge the abundance of predators based on the concentration of
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kairomones from fish, and thus the abundance of fish is an important aspect for our diel vertical
migration model.
It is assumed in our model that the depths Daphnia move to are ones where food
abundance is appropriate based on the metabolic needs of the individual animal. Daphnia filter
feed on phytoplankton, eating as much as they can until the point at which the rate of digestion is
slower than the rate of food ingestion. The third and fourth thoracic legs of the Daphnia are filter
combs capable of sweeping the water for any particles
larger than the gaps in the comb and shoving those particles
into the Daphnia’s mouth (Bednarska 2006). The size of
the filter combs can be adjusted to match the food
availability in the environment, with poorer conditions
causing the filter comb size to increase and gaps between
the teeth in the comb to become smaller (Bednarska 2006).

Figure 2 – Diagram of a Daphnia.
Adapted from Dodson et al. (2010).

As Daphnia are filtering the water constantly and can
consume a wide range of particles of different sizes or
phytoplankton species, the rate at which they ingest food
can be estimated based on known environmental
conditions. The rate at which Daphnia ingest food depends
on both the animal’s body size and temperature, increasing

Figure 3 – Diagram of filter combs.
Adapted from Wejnerowski et al.
(2017).

with both (Geller 1975). The concentration of food
resulting in the maximum rate of ingestion based on size and temperature is known as the
incipient limiting level. When concentrations of food, represented by chlorophyll concentrations
in this model, are below the incipient limiting level, a Daphnia will ingest as much as is
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available in the environment. When chlorophyll concentrations are above the incipient limiting
level, the Daphnia reach their maximum ingestion rate, which remains constant at higher food
concentrations. In our computer model, ingestion rates are calculated for the full size range of
Daphnia in every patch. Both the temperature and chlorophyll concentration profiles of the lake
of interest is provided by the user, allowing the program to calculate the maximum amount of
food a Daphnia is able to eat in a given patch.

A Brief Explanation of Fish Visual Foraging Behavior
The risk of predation for Daphnia primarily comes from sight-based predation by fish.
The mechanics of a typical fish eye result in a cone of vision for each eye that determines what
they can see. When it comes to predation, prey size is an important determinant for whether or
not a fish will be able to detect and attack that prey item (Breck and Gitter 1983). The distance at
which a prey item becomes visible to a fish is called the reactive distance. This reactive distance
is affected not only by the size of the prey, but also light availability (Vinyard and O’Brien
1976). More light in an area will increase a fish’s reactive distance, as will the size of prey. As
discussed previously, light levels in lakes decrease as depth increases. Therefore, fish have a
predatory advantage in the upper regions of the water column which encourages visually feeding
planktivorous fish to stay close to the surface of the water when possible. This predatory
behavior is what causes Daphnia to engage in diel vertical migration behavior. When light levels
decrease at night, it is safer for Daphnia to enter the upper regions of the water column and reap
the benefits of the greater food concentration in the epilimnion.
The visual foraging behavior of fish determines the predation risk for Daphnia, but that
risk is not a certainty. Daphnia need to travel to depths that fish occupy in order to obtain food.
Our model assesses the risk and reward associated with every depth of a lake to determine the
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optimal approach for Daphnia to survive. The model achieves this by using stochastic dynamic
programming.

Methods
Stochastic Dynamic Programming
Calculations for the vertical distribution of Daphnia in a given lake are modeled using
stochastic dynamic programming as applied to patch selection. Stochastic dynamic programming
is a technique for modelling decision making under uncertainty. It is often used by economists
for analyzing business decisions in unpredictable markets, which is similar to patch selection in
that rewards are obtained only after a certain amount of risk. In the case of Daphnia, the rewards
are food, and the risks are predation and loss of energy by metabolic costs. The stochastic
dynamic programming model works by repeating a calculation of the benefits and the costs of a
given choice, using the previous iteration of the calculation to inform the new iteration until the
uncertainties involved are no longer relevant as they become certainties that remove value from
or add value to the reward.
For every patch we simulate in our R package, we calculate a numeric value of Daphnia
fitness. This equation for fitness is derived from the dynamic programming equation of Mangel
and Clark (1988). The equation is as follows:
F(x,t,T) = (1-ßi ) [λi F(xi’, t+1, T) + (1-λi)F(xi”, t+1, T)] if x > xc
F(x,t,T) = 0 if x≤xc
•
•
•
•
•
•
•
•

F(x,t,T) is fitness
i is the two-meter segment of depth
x is the Daphnia size in μg
ß is the risk of predation
λ is the probability of finding food in a given patch
xc is the minimum size a Daphnia can be before starving to death
t is the current timestep
T is the maximum timestep
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Timesteps refer to each iteration of the program in the course of the stochastic dynamic
programming. These iterations are in turn a representation of the real-world effects on a Daphnia
in the span of 30 minutes. The variable xi’ is representative of the size of the Daphnia in the
previous timestep after ingesting the food in a given patch and expending energy. The variable
xi” is representative of the size of the Daphnia in the same previous timestep but with the
probability of not finding food. These are calculated with the following equations:
xi’ = chop(x-αi + Yi; xc, C)
xi” = chop(x-αi; xc, C)
•
•
•

α is the metabolic cost of patch i
Y is the energetic value of the food consumed within patch i
C is the maximum size of the Daphnia.

The function ‘chop’ returns the value of the calculation if that value is between xc and C,
returns C if the value is greater than C, or returns 0 if the value is lower than xc. The value of 0
being returned if the Daphnia falls below the value of xc indicates that the Daphnia has died and
can no longer grow in that particular patch. While both xi’ and xi” are calculated, their effect on
the fitness of the Daphnia in patch i is dependent on λi.
Fitness values are calculated for every patch for D. pulex of every size in 5 μg intervals
from xc to C, which are defined by the user. The depths of maximum fitness, with ties going to
the shallower depth, for each size of Daphnia are recorded for use in the next timestep. Unique
to the version of the model for this R package is that every fitness value is recorded for every
size of Daphnia in every patch, which allows for interpolation of fitness values during the
calculation of xi’ and xi”. This in turn allows the model to be sensitive to any size change, rather
than only ones that are big enough to change the size class of the animal. The number of
timesteps is defined by the user.
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Calculating Predation Risk
To calculate the predation risk for a Daphnia of a given size, ß, we assume that all fish in
the lake are visual predators, eating any prey item that they can see. Predation risk for Daphnia
in a given depth is based on the reactive distance of fish at that depth, which is a function of both
prey size and light (Vinyard and O’Brien 1976). As Daphnia grow larger, the risk of being
preyed upon increases because larger Daphnia can be seen from farther away. Increased light
levels also lead to an increase in reactive distance. In our model, light levels are calculated as a
function of the surface light and light extinction coefficient, provided by the user. Reactive
distance and rate of visual foraging is calculated based on the findings of Clark and Levy (1987).
Specifically, the feeding rate is calculated by multiplying pi (from the cone of vision), the
swimming speed of fish of 0.15 m/s, the prey density of 10000/m3, the handling time of fish
feeding of 1.8 seconds, and the square of the reactive distance of the fish, then taking the result
and dividing the inverse of the handling time by one plus the inverse of the result. The individual
feeding rate of the fish can then be combined with the predator density to find the rate of
consumption in prey per second per meter3, and then subsequently divided by the prey density to
find the risk of predation for an individual Daphnia.

Calculating Metabolic Cost and Energy from Food
The metabolic cost of a D. pulex in a given patch is a function of the Daphnia’s size and
the temperature of the patch. Metabolism in Daphnia has an exponential relationship with
temperature, as discussed by Richman (1958), and a positive linear relationship with size. We
measure our calculated metabolic rate in μg of carbon per 30 minutes, the same time frame as
one timestep in the stochastic dynamic programming model. This allows us to see net changes in
the weight of the simulated Daphnia after each timestep, which gets recorded as xi’ after being
added to the calculated energetic value of the food consumed.
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Daphnia filter-feed, and thus the amount and type of food they consume can be estimated
based on the size of the Daphnia and the available resources. Calculation of the energy of the
food consumed in our model is based on the work of Geller (1975). Daphnia are simulated as
increasing ingestion rates linearly as food increases in the patch up to the incipient limiting level,
above which the animal feeds at maximum feeding rate of the animal. Ingestion rates also
increase with Daphnia size. Our model uses the chlorophyll concentration as an indicator of the
availability of food in a given patch.

Generation of Vertical Distributions
The vertical distribution of Daphnia in a lake is estimated based on the depths of optimal
fitness for the various sizes of D. pulex being simulated. After the optimal depths of the D. pulex
are calculated, each optimal depth is used to generate a normal distribution along the depths.
These normal distributions have a mean of the calculated optimal depth and a standard deviation
of 3.84, a value derived from analysis of field data concerning Daphnia distributions in
Sparkling Lake (Vilas County, WI) in August 1991. Each normal distribution represents the
simulated distribution of that one size of D. pulex. The individual distributions for each size of
Daphnia is then added to all the other sizes, with the assumption that each size category has an
equal abundance within the population. The total of all these individual normal distributions is
then labeled as a day or night simulation and output by the model.

Assessment of the Model’s Performance and Climate Change
The goal of our model is not to accurately replicate field data, but to mimic the field data
in terms of the regions of the water column where Daphnia are likely to be found. Therefore, it is
useful to analyze the results of our model in comparison to real data to see if we are
encompassing the important factors related to diel vertical migration behavior. To do so, we
employed data from three well-studied lakes in Vilas County in northern WI; Trout Lake,
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Sparkling Lake, and Crystal Lake. To assess the performance of the model, we have conducted a
series of Kolmogorov-Smirnov tests, abbreviated as KS tests, comparing the vertical
distributions of Daphnia taken from field data to distributions generated by our model. The KS
test compares two sample distributions on a continuous scale and returns a p-value we can use to
reject the null hypothesis that the two samples are derived from the same initial distribution. For
our tests, higher p-values indicate that the model is performing with greater accuracy compared
to the real data. However, the KS test is not particularly sensitive to the shape of a distribution
compared to the placement of individual values, so discretionary observations will be made in
addition to statistical analysis in order to assess the model’s validity.
The approach used for our simulation of climate change was the one employed by De
Stasio et al. (1993, 1996), focusing on the lake that showed greatest accuracy to our field data
according to the KS tests, which was Sparkling Lake (Vilas County, WI). Modelling the new
temperature structure potentially resulting after climate change was completed using the Oregon
State University Atmospheric General Circulation Model/Mixed-Layer Ocean Model described
by Schlesinger and Zhao (1989). The temperature structure used for our analysis of climate
change is dependent on a simulation of the atmosphere with double the amount of CO2 present in
the years 1986 through 1989. Depending on which General Circulation Model of climate change
one chooses, this level of atmospheric CO2 is modeled to occur by the year 2100, plus or minus a
few decades (Albritton and Dokken, 2001). The OSU model agrees with this assessment.
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Results
Accuracy to Expected Daphnia
Behavior
The goal of our model is to mimic
the diel vertical migration behavior of
Daphnia and how it changes based on the
physical and biological characteristics of the
lake environment. One set of physical and
biological characteristics we used to test the
model were those of Trout Lake in Vilas
County, WI in May of 1992 (Figure 4). The
structure of Trout Lake in May is somewhat
typical of the systems we intend to model.
The temperature decreases with depth with
a thermocline around 12 to 16 meters.

Figure 4 – Physical and Biological characteristics of
Trout Lake in May of 1992. The number of fish is shown in
blue, the chlorophyll concentration in green, and the
temperature in red.

Chlorophyll decreases with depth although it has a peak at 8 meters, and predator abundance is
high in the metalimnion and low to absent in the hypolimnion.
During the day, the optimal depths for most Daphnia under these conditions are
calculated to be in the hypolimnion or lower metalimnion. Specifically, the largest Daphnia have
optimal fitness at 30 meters from the surface and the smaller 10 μg Daphnia are expected to do
best 18 meters below the surface. There is an additional group of 5 μg Daphnia that can be found
a mere 4 meters below the surface. This point has a low number of predators and a high amount
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of chlorophyll, so it would stand to
reason that Daphnia of the smallest
sizes, that are at reduced predation
risk already, would find this
particular depth optimal. The
Daphnia of larger sizes are at a
higher risk of predation than the
smaller Daphnia, so the fact that
there are no predators at 30 meters or
below is of great importance.

Figure 5 – Simulation of Diel Vertical Migration Behavior with
conditions from Trout Lake in May of 1992. This is the direct output
of the R function. Daytime simulations are in red and nighttime is in
blue. The large Daphnia cartoons represent the optimal depth of 60 μg
Daphnia and the smaller cartoons 10 μg.

At night, these optimal
depths shift upwards to 24 meters for the largest animals and 8 meters for the smaller 10 μg
animals, indicating noticeable vertical migration behavior. What is important to note is that the
distribution of Daphnia is more evenly spread between the various depths at night, with Daphnia
being more willing to occupy the regions of the water column with high predator abundances.
Table 1 – Optimal Depths for Daphnia in Trout Lake in May of 1992. The optimal depths
of the simulate Daphnia of various sizes are listed under the specified conditions.
Size (μg)
Optimal Depth at Noon (m)
Optimal Depth at Midnight (m)
5
4
6
10
18
8
15
32
32
20
22
16
25
32
32
30
30
18
35
32
32
40
30
20
45
32
32
50
30
24
55
30
24
60
30
24
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This aligns with what is known of Daphnia behavior, as the predation risk of these regions is
reduced at night due to the limited visibility. When looking at the optimal depths for all sizes
tested, there is little discernable relationship between size and depth (Table 1). There are larger
sizes that prefer various depths in both the epilimnion and hypolimnion, and the case is the same
for smaller and intermediate sizes. This indicates that subtle variations in temperature and
chlorophyll abundance are playing a larger role in determining optimal depth.

Accuracy Compared to Field Data
The lakes used for our analysis are all representative of different physical and biological
profiles that can be input into our model. Trout Lake is typical in structure but has the most
extensive field data associated with it during the ice-free period. This allows us to see the effects
of different temperature profiles on the diel vertical migration model. Crystal Lake is an example
of an oligotrophic lake. Crystal Lake has low levels of chlorophyll with a metalimnetic peak in
abundance, and a subsequent low light extinction coefficient. This low light extinction
coefficient will lead to a greater risk of predation from each individual fish, although Crystal
Lake has the lowest abundance of fish of any of our tested lakes. Sparkling Lake, conversely, has
Table 2 – Results of Kolmogorov-Smirnov tests comparing vertical distributions of
Daphnia in the field to distributions simulated by the model. The lakes are dates sampled
and simulated are listed in the header. Asterisks indicate a rejection of the null hypothesis at
the alpha = 0.1 level
Lake
Date
Time
p-value
Noon
0.2498
May 1992
Midnight
0.7137
Noon
0.0924*
June 1992
Midnight
0.3486
Trout Lake
Noon
0.0147*
July 1992
Midnight
0.0128*
Noon
0.0298*
September 1992
Midnight
0.5563
Noon
0.4005
Crystal Lake
6th August, 1991
Midnight
0.7870
Noon
0.7591
Sparkling Lake
7th August, 1991
Midnight
0.9883
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Figure 6 – Observed and simulated vertical distribution of
Daphnia pulex in Sparkling Lake at midnight. Distribution
from field data is shown in red and simulated data is shown in
blue. The p-value associated with a Kolmogorov-Smirnov test
comparing the distributions is listed on the plot.

Figure 7 – Observed and simulated vertical distribution of
Daphnia pulex in Trout Lake in July at midnight.
Distribution from field data is shown in red and simulated
data is shown in blue. The p-value associated with a
Kolmogorov-Smirnov test comparing the distributions is
listed on the plot.

very high fish abundance compared to Trout or Crystal. Fish abundance in Sparkling reaches
upwards of 105 fish per 1000 m3 at the surface, as opposed to Crystal’s 5 and Trout’s 15 fish per
1000 m3.
While we had no significance level defined, eight of our twelve KS tests returned results
that would fail to reject the null hypothesis at the alpha = 0.1 level. Of this, the strongest match
of data occurred for the midnight simulation in Sparkling Lake (Figure 6). The outcomes of the
KS test are likely results of the fact the distributions cross paths at multiple points. As seen in
Figure 6, both distributions show the Daphnia’s avoidance of the epilimnion, even at night, so
our simulated distribution reflects this expected behavioral pattern. The simulated distribution of
greatest difference to the field data is that of Trout Lake in July, at midnight (Figure 7). This low
p-value indicates a strongly significant difference, but visual inspection of the distributions tells a
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slightly different story. There are peaks in the distribution at around 8 meters in both the real and
simulated data, with an increasing trend starting below 20 meters. Whether this trend continues
in the field data is unknown, as there are no field data below 28 meters for that date.
Another noteworthy observation
about the KS test results is that in 11 out of
12 cases, the simulation performed better at
midnight than at noon (Table 2). The only
exception to this trend is in Trout Lake in
July, where field data are lacking for the
deepest depths, as noted above. Visual
inspection of all the distributions reaffirms
this pattern. Despite having a strong
indication of similarity from the KS tests, the
observed and simulated distributions for
noon appear to be far more different from
each other than those for midnight. A typical

Figure 8 – Real and simulated vertical distribution of
Daphnia pulex in Trout Lake in June at noon. Distribution
from field data is shown in red and simulated data is shown in
blue. The p-value associated with a Kolmogorov-Smirnov test
comparing the distributions is listed on the plot.

pattern, particularly in Trout Lake, is to see Daphnia spread out within the metalimnion during
the day (Figure 8), in spite of the increased risk of predation by fish in that region (Figure 4).
This explains why the p-values are lower at noon than at midnight and gives us some insight into
how the model is performing under various light conditions. It could also imply that ecological
interactions are changing between day and night in ways not accounted for by the model.
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Estimating Climate Change Effects
Upon running the model with different temperature profiles for Sparkling Lake based on
current (1x) and doubled (2x) atmospheric CO2 conditions, we observed little difference in the
vertical distribution of Daphnia between the two simulations. However, there is some difference.
Some Daphnia of the intermediate size categories shifted their optimum depth for midnight up
one meter with the doubling of CO2. This is most notable when comparing the two simulated
distributions of Daphnia at midnight at 12 meters of depth (Figure 9). While this difference does
exist, the structure of the vertical distribution that we see is largely unchanged. It is important to
note that the only change between these two simulations was the temperature structure of the
lake, and not predator abundance, which is particularly high in Sparkling Lake.

Figure 9 – Simulated vertical distribution of Daphnia in Sparkling Lake in 1991 in different
concentrations of atmospheric CO2. 1x CO2 is shown on the left and 2x CO2 is shown on the right.
Daytime simulations are in red and nighttime is in blue. The large Daphnia cartoons represent the
optimal depth of 60 μg Daphnia and the smaller cartoons 10 μg.
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Discussion
Model Advantages and Utility
The goal of our model is to mimic the behavior of a typical sized Daphnia, such as D.
pulex, and calculate the section of depths within a lake where the Daphnia has optimal fitness
and, presumably, greatest abundance. In various aspects, we succeeded in our goal. Statistical
testing indicates that the model simulations show a close correspondence to field data in a vast
majority of cases, and that it works best when modelling nighttime distributions where predation
risk is reduced. Our worst performing simulation from a statistical perspective (Figure 7) is a
simulation of midnight distributions, but we suspect that the lack of observed data for the last
four meters of the water column skewed the KS test to indicate a greater difference than would
have been observed if those last few meters of the water column were not accounted for.
Removing these values from the simulated data would also increase the percent abundance seen
at every other depth, decreasing the KS statistic and thus increasing the p-value.
The model performing better in situations of reduced predation risk may be because
predation risk is the most important driving force of diel vertical migration behavior in our
model. This would make sense from a mathematical perspective, as the changes in fitness that
come from finding or not finding food are small compared to the change in fitness that comes
from being eaten by a predator. This may also explain the lack of a difference in optimal depth
that comes from our analysis of climate change alone, where only temperature structure was
modified. There are models of how fish change their habitat in response to changing thermal
structures (De Stasio et al. 1996), so our model of diel vertical migration of Daphnia could be
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used in conjunction with the fish models to understand the effects of climate change with greater
precision.

Possible Enhancements with Non-visual Predation
The observed distributions in some of the lakes suggest that forces outside of just visual
predators affect the diel vertical migration of Daphnia (Figure 8). At present, the model does not
account for predators that are not sight-based, but we know from field data that Daphnia in Trout
Lake do not spend much time in deep water due to the risk of predation by the opossum shrimp
Mysis diluviana (formerly M. relicta; Audzijonytė and Väinölä 2005). Opossum shrimp are a
predatory zooplankton that tends to reside in the deep, cold regions of the water column during
both day and night. Deep water predation on Daphnia by opossum shrimp has been shown to
force Daphnia into shallower regions of the water column (Boscarino et al. 2007). In systems
like Trout Lake where both visual and non-visual predators are present, Daphnia distribution
patterns become far more complex than what our current model is designed to include. It would
be interesting to incorporate the effects of non-visual predators into this model to see if these
complex patterns can be simulated effectively. In order for non-visual predators to be added to
this model, research into the feeding abilities of opossum shrimp would need to be conducted.
Feeding experiments have been conducted regarding the opossum shrimp Mysis mixta predation
on zooplankton in the Baltic Sea (Rudstam et al. 1989, Mohammadian et al. 1997, Hansson et al.
2001) which could be used to initially parameterize the model, but information on the North
American opossum shrimp Mysis diluviana would be more applicable.
Opossum shrimp also engage in their own, less extreme form of diel vertical migration in
response to visual predators (Boscarino et al. 2009), and their observed distributions tend to
match those we observed in our Daphnia simulations with some regularity (Bowers 1988). This
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may be an indicator that the opossum shrimp do not face the same kind of non-sight-based
predation that Daphnia do, meaning that if our model were adapted to the physical and
physiological characteristics of opossum shrimp it might work better for that species than
Daphnia. Opossum shrimp are not a model organism like Daphnia pulex, so more research on
the metabolism and feeding abilities of mysids would need to be done in order for our model to
be adapted for use with that species. This same research into the feeding abilities of opossum
shrimp would also need to be conducted in order to add the predation risk they pose to Daphnia
into the existing model. Others have successfully modeled the diel vertical migration of opossum
shrimp using different approaches than the dynamic programming optimization techniques used
here (e.g. Rudstam et al. 1989, Gal et al. 2004, Boscarino et al. 2007).

Possible Enhancements with
Daphnia Size
Another important factor that
needs to be researched more about
Daphnia is the distribution of sizes of
individuals within populations and their
behavioral patterns. At present, our
model assumes equal abundances of all
sizes of Daphnia in 5 μg increments
from the user defined critical value
(usually 5 μg) to the user defined
maximum size, usually 60 μg. In
reality, there are far more of the smaller
sizes of Daphnia than the larger sizes

Figure 10 – Distribution of Daphnia sizes in Sparkling Lake
midnight of August 6th, 1991. The number of individual
Daphnia in a 2 μg category taken from 10 samples at 2-meter
increment depths along the water column is displayed.
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(Figure 10). Larger sized individuals are often in lower abundance because any animals that die
at any stage of life do not grow to become the larger sizes. If our model accounted for this, we
might see a greater proportion of Daphnia in the epilimnion where smaller Daphnia have
optimal fitness and far fewer in the hypolimnion, where the largest sizes have optimal fitness.
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